Introduction
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Given limited budgets, the need for economic valuation of public land has become vital for 63 maintaining public access and conservation of our nation's public lands. The use of spatial 64 analysis software benefits forest management because it provides a better spatial representation 65 of forest lands and helps the decision making process. The use of this software is now possible 66 because recent increases in computing power have given researchers the ability to make greater 67 use of geographic information systems (GIS). As use of this tool has increased, researchers have 68 begun combining GIS software with non-market valuation methods to assist land and forest 69 managers (Baerenklau et al., 2010; González-Cabán et al., 2003) . This combination has allowed 70 researchers to derive spatially-explicit representations of landscape values. 71
Non-market valuation methods such as travel cost analysis, contingent valuation, and 72 hedonic pricing have been used to help inform management decisions. Mapping of ecosystem 73 services values has been increasing in the past several years as seen by the number of cases 74 reported in Crossman et al. (2013) , Schägner et al. (2013) , and Wolff et al. (2015) . GIS in 75 conjunction with non-market valuation methods has been used to derive spatially explicit 76 landscape values. For example, Eade and Moran (1996) developed an "economic value map" for 77 the Rio Bravo Conservation Area in Belize using the benefit transfer method and GIS to spatially 78 allocate ecosystem service values. Troy and Wilson (2006) used a similar approach to produce a 79 map of ecosystem service flow values based on land cover types for three case studies. land cover around houses has an effect on housing prices using GIS and hedonic price model. 84
A highly relevant work for this study is the GIS-based landscape valuation application by 85 Baerenklau et al. (2010) . The authors use recreation permit data and a zonal travel cost method to 86 estimate the aggregate recreation values. They then spatially allocate that value to the landscape 87 using GIS-based "viewshed" analysis. Due to the absence of information about hiking routes or 88 destinations, the authors assumed that when a hiker encountered a trail junction, s/he took each 89 path with equal probability. However, the equal probability assumption underestimates the 90 values of popular destinations and related parts of the landscape because in reality a trail junction 91 leading to more visited destinations will have a higher probability than less frequently visited 92 destinations. The extent to which spatial wilderness valuations are affected by incomplete 93 information about spatial patterns of site use is the main subject of this paper. 94
To-date there is a paucity of publications in this subject area. A study by Paracchini et al. 95 (2014) uses population distribution and behavior datasets to map and assesses outdoor recreation 96 opportunities for the European Union at a continental scale but does not include an economic 97 valuation of recreation opportunities nor a spatial allocation over the landscape. Chiou et al. 98 (2010) found optimal travel routes based on time and energy cost consumption to inform 99 managers and visitors of trail difficulty. However, the authors do not derive recreation values. 100
Another study by Ji et al. (2016) found that using the "nearest access point" approach to model 101 recreation demand with incomplete information about where people actually access a large 102 geographic site can lead to biased travel cost estimates. Schägner et al. (2016) map estimated 103 recreational values for European National Parks using predicted annual visits with monetary 104 value estimates. However the authors use the "value transfer" method and assume a constant 105 value per visit. To the best of our knowledge, ours is the first study that uses information about 106 routes utilized on-site to estimate wilderness recreation values in a spatial context. To do this, we 107 use a web-based survey to elicit information on hiking entry points and destinations visited over 108 a season to develop individual hiking routes. This information is missing in Baerenklau et al. 109 (2010) and is potentially useful to more rigorously allocate the wilderness recreation value across 110 the landscape. 111
This study contributes to the recreation demand literature by advancing the standard 112 methodology for environmental valuation which focuses on valuing access to what is often a 113 spatially expansive resource as a singular good and potentially helps to refine our understanding 114 of environmental values associated with preserved areas. In addition, we address the question of 115 whether the additional cost and effort of collecting route and destination information has policy-116 relevant implications for demand and welfare analysis. Our results also can help researchers and 117 managers better understand and address the economic effects of natural or human-made disaster 118 that damage or impact natural resources in location-specific ways. 
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The most popular recreation activity is day hiking (Baerenklau et al. 2010 This study uses a web-based survey to collect revealed preference data from backcountry 147 In a KT demand model, the individual's direct utility function is ( , ; , , ), where x 186 is a vector of trips taken to each trailhead j, z is spending on all other goods with price 187 normalized to one, q is a vector of site characteristics, ε is random error term unknown to the 188 researcher, and Γ represents parameters of the utility function to be estimated. Individuals 189 maximize utility over a season subject to their budget constraint: 190
(1) max , ( , ; , , ), 191 where y is the annual income and p is the price (travel cost) of visiting each trailhead access 192 point. The first-order conditions that implicitly define the solution to the optimal consumption 193 bundle ( * , * ) are 194
Following von Haefen et al. (2004) , the specific parameterization we use for the utility 197 function is the following 3 : 198 
where |J| is the determinant of the Jacobian for the transformation from ε to (xj, εj) and 1 >0 is 228 an indicator function equal to one if xj is strictly positive and zero otherwise. We used a 229 conventional maximum likelihood method for estimating the fixed parameter model and a 230 maximum simulated likelihood method for estimating the random parameter model (Gourieroux 231 and Monfort, 1996) . For the present investigation, parameter estimates are derived for two separate analyses, 240 each using the same dataset: (1) revealed preference estimates using trailhead entry points as 241 sites and (2) revealed preference estimates using trailhead/destination pairs as sites. The two 242 analyses use the same information on visitors (n=698) and the same total number of trips 243 (n=3840), but differ in the number of sites in the model. The first analysis uses 5 sites: one for 244 each of the 5 trailheads examined in the survey. There are more trailheads in the San Jacinto 245
Wilderness, but only 5 sites were selected because 97% of all visits are taken to these 5 246 trailheads 5 . We assume negligible recollection bias due to the typically small number of annual 247 trips per person taken to the wilderness (table 2) . In order to spatially allocate access value in this 248 model, we invoke the "equal probability" assumption as in Baerenklau et al. (2010) . 249 In the second analysis, sites are redefined as trailhead-destination pairs based on 284 additional information reported in the survey. To determine hiking routes, we first identified 285 more than 40 possible trailhead-destination routes using the trail network. We then omitted 286 routes deemed too long for a day hike (typically more than 16 miles round-trip) and those that 287 did not start and end at the same trailhead. We then made further refinements based on Table 3 shows the estimation results for the trailhead-only model. 8 The Ψ matrix 304 (individual characteristics) shows that being male, older, employed full-time, and belonging to 305 an environmental group increases trip frequency to each trailhead. The remaining parameters on 306 minority status and having at least a bachelor's degree are not statistically significant. The Φ 307 6 The Idyllwild District Ranger provided a list of highly unlikely hiking routes for an average recreationist, given the difficulty, trail distance, and better alternative trail that leads to the same destination. 7 For identification purposes, the Deer Springs trailhead was removed from the trailhead-only model and Deer Springs to San Jacinto Peak hiking route was removed from the trailhead-destination model. 8 These results differ from Sánchez et al. (2016) because here we have trimmed the dataset to create a common set of trips that can be used across both models. parameter estimates demonstrate the popularity of the trails and have magnitudes that are 308 consistent with the visitation data shown in tables 1 and 2. 309 310 extremely difficult for the average recreationist due to steepness and distance (approximately 9.2, 347 8.2, and 8.0 miles one-way trip, respectively). 
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Overall these models exhibit both intuitive similarities as well as some differences, and 392 demonstrate the effect that site definitions can have on model estimation results. We also 393 analyzed alternative model structures, including several KT random parameter specifications. 394 However, the mean and dispersion parameters were not statistically different from zero. We 395 followed Nicita et al. (2015) to compare random and fixed coefficient models using the 396 consistent Akaike Information Criteria (Bozdogan, 1987) . Based on the results, we only report 397 the fixed coefficient model here because this specification has a better fit to the data. Other 398 results are available from the authors upon request. 399 Hicksian consumer surplus to find the income compensation that equates utility before and after 404 a price and/or quality change. The trailhead-only analysis uses the parameter estimates from 405 table 3 to simulate the welfare loss that might be associated with a high intensity wildfire or 406 other disturbance that would result in closure of one or more sites. Therefore, the welfare loss is 407 the foregone value of recreation if access to the site is restricted (e.g., a trailhead closure). To 408 account for uncertainty in the parameter estimates as well as nonlinearities in the welfare 409 calculation, we take 500 random draws from the estimated parameter distributions to simulate 410 distributions for the welfare losses. 411 This reflects both the popularity of the sites as well as differences in travel costs to access each 415 site, as there is the additional cost of riding the Palm Springs Aerial Tramway to access the Long 416
Valley site. Standard errors are relatively small. 417 418 9 Note that we do not extrapolate these estimates to the entire population of potential users. This is because the present study is motivated by a methodological question rather than an interest in the aggregate value of the study site to the broader population. Therefore we do not concern ourselves with establishing the representativeness of our sample for the broader population. 419 420 Table 6 also shows that when we aggregate these route-specific 437 values into trailhead values, we derive estimates very similar to those in table 5, with differences 438 ranging from 2-7%. However none of these differences are statistically significant at standard 439 significance levels. 440 441 
Spatial Allocation Procedure
475
The estimation results in the preceding section show that introducing route and destination 476 information in a site visitation model does not statistically change estimated site access values, 477 but our main focus is on spatial representations of access value rather than just the site access 478 values themselves. Our expectation is that there may be significant differences in spatially-479 explicit values across models. This is because, as demonstrated by Baerenklau et al. (2010) , there 480 already is heterogeneity in parcel-level landscape values associated with recreation activity from 481 any particular access point. Introducing route and destination information is likely to increase 482 this heterogeneity at the parcel level due to recreationists' tendency to seek out particular 483 features within a landscape (e.g. streams, meadows, peaks, overlooks, well maintained trails, 484 etc.), thus potentially creating policy-relevant value differences across models. Furthermore, the 485 additional information should produce a more accurate representation of which parts of the 486 landscape contribute most (and least) to recreationists' experiences, which also is of interest to 487 resource managers. 488
The access or trip values estimated with the KT model (tables 5 and 6) can be allocated 489 using the GIS-based viewshed tool to the individual parcels that together represent the landscape 490 of our study to derive a recreation value map. We developed three such maps: (1) trailheads as 491 sites; (2) trailhead/destination combinations as sites; and (3) the difference between maps 1 and 492 2. The trailhead approach follows the same method as Baerenklau et al. (2010) but uses 493 individual rather than zonal recreation data. The trailhead/destination approach requires 494 modifying the procedure slightly to include hiking routes as well. The difference in parcel-level 495 values between these maps demonstrates the extent to which the use of additional-and often 496 unobserved-destination information changes the welfare estimates in a spatial context. 497
The first step is to define the hiking routes used by visitors in each of the models. The Service, the 20 most likely hiking routes were identified based on hiking distance, popularity of 502 the destination and recommendations by the Forest Service Recreation Officer for the study area 503 (Personal communication, October 2013). These trails consist of continuous segments that 504 extend between two trail junctions or a junction and a destination. 505
The next step is to determine the likelihoods that each trail segment is used by a visitor. 506
The method developed by Baerenklau et al. (2010) was implemented for the trailhead-only 507 model. For this model, in the absence of any information about hiking paths, routes can be 508 predicted by calculating the probability that a trail will be used during a one-day hiking trip. 509
These calculations start at one of the 5 main entry points by assigning each entry trail an initial 510 probability of 100% for a trip beginning at that trailhead. Trail segments leading away from trail 511 junctions are then assigned equal probabilities. This means that if there is a two-way junction, 512 the probability assigned to each trail segment leading away from this junction is 50%; the 513 probability assigned to each segment leading away from a three-way junction is 33%, and so 514 forth (see figure 2) . 515 high elevations (San Jacinto Peak) and popular sites (Long Valley). This is expected because our 550 spatial allocation method is based on visibility; therefore parcels like these that are highly visible 551 and/or frequently viewed received higher visibility weights and thus contribute more to the value 552 of a trip. In contrast, parcels located in relatively remote areas and away from trails in our study 553 have lower and sometimes no recreation value because of their limited visibility and/or low 554 visitation rates (or having no data for a particular trailhead). However, this does not mean that 555 those areas do not have economic value; rather we simply did not have any information to 556 calculate the recreation values for those parcels. 557 558 559 560 
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These parcel value estimates may be sensitive to the availability of destination 563 information in the analysis. To investigate the magnitude of this sensitivity, we derive a similar 564 map using the mean welfare estimates in table 6, which include information about specific hiking 565 routes. Figure 4 shows the trailhead/destination landscape value map (same scale as figure 3) . 566
For all parcels, the annual values range from $0/ha to $18,866/ha throughout the wilderness, with 567 a mean of $159.16/ha and standard deviation of $904/ha. As in the previous case, and for the 568 same reasons, high parcel values are concentrated in higher elevations (San Jacinto Peak and 569
Tahquitz Peak) and along popular hiking routes. 570 571 572 573 To assess if there are statistically significance differences between these two modeling 576 approaches, we rely on the large sample properties of the two-sample t-test with unequal 577 variances to test for equal means, and Levene's test (Levene 1960) to test for equal variances. 578
The parcel value means are very similar in magnitude and are not statistically different (p-value 579 = 0.78), however the variances are significantly different (p-value < 0.001). The first result 580 reflects the fact that the welfare estimates for trailhead access also are not statistically different 581 across models, while the second is consistent with our hypothesis that introducing destination 582 information tends to increase parcel value heterogeneity across the landscape.
